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The measurements of coordinated patterns of protein abundance using antibody microarrays could be used to gain insight into disease biology and to probe the use of combinations of proteins for disease classification. The correct use and interpretation of antibody microarray data requires proper normalization of the data, which has not yet been systematically studied. Therefore we undertook a study to determine the optimal normalization of data from antibody microarray profiling of proteins in human serum specimens. Forty-three serum samples collected from patients with pancreatic cancer and from control subjects were probed in triplicate on microarrays containing 48 different antibodies, using a direct labeling, twocolor comparative fluorescence detection format. Seven different normalization methods representing major classes of normalization for antibody microarray data were compared by their effects on reproducibility, accuracy, and trends in the data set. Normalization with ELISAdetermined concentrations of IgM resulted in the most accurate, reproducible, and reliable data. The other normalization methods were deficient in at least one of the criteria. Multiparametric classification of the samples based on the combined measurement of seven of the proteins demonstrated the potential for increased classification accuracy compared with the use of individual measurements. This study establishes reliable normalization for antibody microarray data, criteria for assessing normalization performance, and the capability of antibody microarrays for serum-protein profiling and multiparametric sample classification. Antibody microarrays may be very effective for the discovery and application of molecular diagnostics tools. A key feature of microarrays is multiplexing, the ability to measure multiple proteins in low volumes, consuming small amounts of both precious clinical samples and expensive antibodies. Because many antibodies can be tested in parallel, many candidate molecular markers may be efficiently screened. In addition, the relationships between multiple analytes may be observed so that the use of combinations of proteins in disease diagnostics may be assessed. The use of combinations of proteins for disease diagnostics may produce fewer false positive and false negative results relative to tests based on single proteins. Antibody microarrays can be run efficiently in parallel, enabling studies on the large populations of samples that are necessary for marker discovery and validation. Additional advantages of the platform are good reproducibility, high sensitivity, and quantitative accuracy over large concentration ranges (1) . We and others have demonstrated the experimental feasibility of antibody and protein microarrays in applications such as protein profiling of cancer tissue (2, 3) , autoimmune diagnostics (4), protein interaction screening (5) (6) (7) (8) , and antibody-based detection of multiple antigens (1, 9 -12) .
The routine application of antibody microarrays to biological and marker-based research requires establishing optimized experimental and analysis methods. Experimental optimization can help to improve the accuracy and reproducibility of measurements, but the analysis methods must be properly developed and applied to ensure the proper interpretation of the data. A common data processing procedure applied to microarray data is normalization, which adjusts the data from each microarray to account for possible systematic experimental variation in factors such as sample labeling efficiency, scanner readout efficiency, and microarray quality (13, 14) . Several normalization procedures have been developed for DNA microarrays. A method developed early on for DNA microarrays is global normalization, which normalizes each array by the median or mean of the intensity log ratios on the array. Other normalization methods purport to correct for systematic errors that may affect arrays non-globally when not all of the spots on an array have the same bias. Intensitydependent normalization adjusts two-color microarray ratios to account for intensity-based bias in the ratios (14, 15) either linearly or non-linearly. Print tip normalization has been used to account for bias caused by variation associated with differences in the tips used for printing (14) . Scale normalization makes the assumption that the spread of the distribution of log ratios should be the same for all print tip groups (14) . Statistical regression models of microarray data also have been developed for normalization (16) .
The two-color comparative fluorescence detection method that we and others have used for antibody microarray experiments is similar to the two-color labeling strategies used for cDNA microarray experiments, so the normalization methods for cDNA arrays may be useful for two-color antibody microarray experiments. However, the differences in antibody microarray experiments, such as a smaller and more selected set of targets and a different labeling method, may mean that the optimal normalization methods may be different. A systematic, detailed comparison and evaluation of the various normalization options for antibody microarrays have not yet been performed. Given the importance of this procedure for subsequent data analysis and interpretation, an in-depth analysis of normalization methods for antibody microarray data is necessary before performing large scale biomarker studies. Therefore, we conducted studies to evaluate various normalization methods for antibody microarray data. Three replicate sets of antibody microarray measurements from serum samples of patients with pancreatic cancer and of control subjects were acquired, and we evaluated seven different normalization methods. The methods represented a variety of major classes of normalization types. Modifications of these types exist, but by evaluating representative methods from a range of classes we could broadly survey the effects of normalization on the data. Newly developed methods with computations requiring special software were not tested.
Each normalization method makes use of assumptions of how "correct" data should behave, and the comparison and evaluation of normalization methods must be independent of those assumptions. Previous comparisons of DNA normalization methods have used the criteria of reproducibility between replicate data sets (13, 17, 18) , the linearity of signals from spiked-in standards (17) , and the levels of biases in simulated data (13) . In this study, we examined several different parameters to get a broad picture of the affects of normalization. The criteria for evaluating and comparing the methods were reproducibility between replicate data sets, accuracy in comparison with known values, and the integrity of overall trends in the data sets. In addition, using optimally normalized data, we investigated the potential benefit of using combinations of measurements for the classification of the samples.
MATERIALS AND METHODS

Serum Samples
Serum samples were collected from 43 patients. Sixteen samples from patients with pancreatic adenocarcinoma and 11 samples from patients with benign diseases, such as ampullary adenoma, pancreatitis, cystadenoma, pseudocyst, or diverticulosis, were collected at the Yale University School of Medicine. Sixteen control samples from healthy persons were collected at the VU University Medical Center in Amsterdam, The Netherlands. All samples were stored frozen in aliquots at Ϫ80°C, and each aliquot had been thawed no more than twice before use. All samples were collected under protocols approved by local Institutional Review Boards for human subjects research.
Antibodies, ELISA, and Protein Concentration Measurements
Antibodies were purchased from various sources (see Supplemental Table I for the complete list of antibodies and sources). Antibodies that were supplied in ascites fluid or antisera were purified using protein A beads (Affi-gel Protein A MAPS kit, Bio-Rad) according to the manufacturer's protocol. The antibodies were prepared at concentrations of 100 -1000 g/ml in 1ϫ phosphate-buffered saline. Two antibodies targeting HGF and one antibody targeting MUC-1 were kindly contributed to the project (Drs. Brian Cao and Ilan Tsarfaty, respectively). ELISAs were performed using commercially available kits from Bethyl Corporation (Montgomery, TX) for the detection of hemoglobin, IgM, IgG, IgA, transferrin, and albumin, and from Cedarlane Laboratories (Hornby, ON, Canada) for the detection of von Willebrand factor. Total serum protein concentrations were measured in duplicate using the BCA assay kit (Pierce).
Fabrication of Antibody Microarrays
Antibodies were deposited eight times each onto slides coated with a polyacrylamide hydrogel (HydroGel, PerkinElmer Life Sciences) using a high-throughput, custom built contact arrayer. Before printing, the hydrogel-coated slides were hydrated for 10 min each in three changes of purified water, dried by centrifugation, and incubated at 40°C for 20 min. Each printed microarray was circumscribed using a hydrophobic marker. The slides were incubated overnight at room temperature in a humidified chamber to induce binding of the antibodies to the hydrogel matrix. They were washed for 30 s, 3 min, and 30 min in 1ϫ phosphate-buffered saline/0.5% Tween 20, blocked for 1 h at room temperature in 1% BSA/phosphate-buffered saline/0.5% Tween 20, and washed briefly two times in phosphate-buffered saline/0.5% Tween 20 before use.
Sample Labeling
An aliquot from each of the 43 serum samples was labeled with N-hydroxysuccinimide-Cy3 (Amersham Biosciences), and another aliquot was labeled with N-hydroxysuccinimide-Cy5 (Amersham Biosciences). Each serum aliquot was diluted 1:20 into a 200 mM carbonate buffer at pH 8.3, and a twentieth volume of 6.7 mM N-hydroxysuccinimide-Cy3 or -Cy5 in Me 2 SO was added. This labeling mix gave approximately a 5-10-fold molar excess of dye relative to the serum proteins (assuming an average serum protein molecular mass of 70 kDa). The concentrations, time, and pH of the labeling reaction were designed to label each serum protein thoroughly but not to completion in case overlabeling of certain proteins might interfere with antibody-antigen interactions. The carbonate buffer contained 1.5 g/ml BSA labeled with 2,4-dinitrophenol (DNP), 1 as a normalization spike-in. After the reactions proceeded for 2 h on ice, a twentieth volume of 1 M Tris-HCl, pH 8.0, was added to each tube to quench the reactions, and the solutions were allowed to sit for another 20 min. The unreacted dye was removed by passing each solution through a size exclusion chromatography spin column (BioSpin P6, Bio-Rad) under centrifugation at 1000 ϫ g for 2 min. The Cy5-labeled samples were pooled, and equal amounts of the pool were transferred to each of the Cy3-labeled samples. Each dyelabeled protein solution was supplemented with nonfat milk to a final concentration of 3%, Tween 20 to a final concentration of 0.1%, and 1ϫ phosphate-buffered saline to yield a final serum dilution of 1:100.
Processing of Antibody Microarrays
100 l of each labeled serum sample mix was incubated on a microarray with gentle rocking at room temperature for 2 h. After incubation, the slides were rinsed briefly in 1ϫ phosphate-buffered saline with 0.1% Tween 20 to remove the unbound sample and then subsequently washed three times for 10 min each in 1ϫ phosphatebuffered saline with 0.1% Tween 20. The slides were spun dry before scanning for fluorescence at 543 and 633 nm using a microarray scanner (ScanArray Express HT, PerkinElmer Life Sciences).
Data Analysis
The software program GenePix Pro 5.0 (Axon Instruments, Foster City, CA) was used to quantify the image data. An intensity threshold for each antibody spot was calculated by the formula 3 ϫ B ϫ CV b , where B is the median local background of each spot, and CV b is the average coefficient of variation (S.D. divided by the average) of all the local backgrounds on the array. Spots that either did not surpass the intensity threshold in both color channels, had a regression coefficient (calculated between the pixels of the two color channels) of less than 0.3, or had more than 50% of the pixels saturated in either color channel were excluded from analysis. The ratio of backgroundsubtracted, median sample-specific fluorescence to backgroundsubtracted, median reference-specific fluorescence was calculated, and the ratios from replicate antibody measurements within the same array were averaged using the geometric mean.
Hierarchical clustering and visualization were performed using the programs Cluster and Treeview (see rana.lbl.gov). Ratios were log transformed (base 2) and median centered by genes. Antibodies that did not have measurements in at least 80% of the samples were removed from the clusters.
Normalization Methods
Multiple normalization methods were applied to the microarray data. The details of each are given below.
DNP-The averaged ratios were multiplied by a normalization factor N for each array that was calculated by N ϭ 1/R DNP , where R DNP is the average ratio of the replicate anti-DNP antibody spots on the array.
IgM-ELISA-The averaged ratios were multiplied by a normalization factor N for each array that was calculated by N ϭ (S IgM / IgM )/ R IgM , where R IgM is the average ratio of the replicate anti-IgM antibody spots on the array, S IgM is the ELISA-measured IgM concentration of the serum sample on that array, and IgM is the mean ELISA-measured IgM concentration of all of the samples.
IgM Set to 1-The averaged ratios were multiplied by a normalization factor N for each array that was calculated by N ϭ 1/R IgM , where R IgM is the average ratio of the replicate anti-IgM antibody spots on the array.
Mean Centering-The averaged ratios were multiplied by a normalization factor N for each array that was calculated by N ϭ 1/, where is the mean ratio of all of the antibody spots on the array. Loess-For each array, the log-transformed ratios of the antibody measurements were plotted with respect to the average intensities of the spots (averaged over both the 543 and 633 channels), and a regression line was fit as implemented by the marray package for the R environment (19) . The ratios of the individual spots were adjusted so that the regression line centered around zero (14) .
Loess/IgM-ELISA-The averaged ratios were first processed using the Loess method described above. The resulting array values were normalized by the IgM-ELISA method as described above.
RESULTS
Reproducible, Accurate Serum Protein Profiling Using Antibody Microarrays-Forty-three different serum samples (16 from patients with pancreatic cancer, 11 from patients with other types of gastrointestinal diseases, and 16 from healthy persons) were incubated on a microarray containing 48 different antibodies targeting known serum proteins and putative cancer markers. The amount of protein binding to each antibody from each serum sample was measured relative to the protein binding from a common reference pool using two-color comparative fluorescence (1, 20) . The set of 43 samples was performed in triplicate, each set performed on a different day, using batches of microarrays that had been printed on different days. The antibodies on the microarrays and a summary of the performance of each are presented in Supplemental Table I .
The variation across the samples in relative protein binding to the antibodies can be visualized using hierarchical clustering (21) . The non-normalized ratios of sample-specific to reference-specific fluorescence from the three replicate experiment sets were grouped and clustered (Fig. 1) . Each of the columns contains the data for a given serum sample over all the antibodies and replicate experiment sets, and each row contains the measurements from a given antibody in a given experiment set. The cluster includes only antibodies that gave reproducible measurements between at least two of the three data sets, defined by a 99% confidence threshold for correlation (22) . Of the 48 antibodies, 29 surpassed the threshold using non-normalized data. The clustering algorithm ordered the rows and columns by similarity, placing similar rows or columns close to each other. Many replicate antibody measurements, such as those from anti-complement C4 and C3, anti-alkaline phosphatase, and anti-von Willebrand factor cluster immediately adjacent to each other, showing the high reproducibility and distinct profiles of those measurements. Other replicate antibody measurements, such as those from anti-␣1-antitrypsin and anti-vascular endothelial growth factor, are more scattered, showing lower reproducibility or less distinction from the other profiles.
Independently collected ELISA measurements from seven of the proteins were included in the cluster and allowed to cluster by similarity to the microarray measurements. Each ELISA measurement set clustered immediately adjacent to its corresponding microarray measurements. This agreement between the ELISA and microarray measurements provided validation of the specificity and accuracy of the microarray measurements for those proteins.
Evaluation of Normalization Methods-We evaluated the effects of seven different normalization procedures on measurement reproducibility, measurement accuracy, and trends FIG. 1. Two-way hierarchical clustering of non-normalized microarray data. Microarray data from 43 serum samples (horizontal axis) and the combined antibodies from all three experiment sets (vertical axis) were clustered. Each colored square represents one antibody measurement from one array, and the color and intensity of each square represents the relative expression level: red, high; green, low; black, medium; gray, no data. The color of the column labels indicates the clinical category of the patient from which the serum was taken: red, pancreatic adenocarcinoma; blue, benign and other gastrointestinal diseases; green, healthy. Independently collected ELISA measurements are included for the proteins IgM, IgG, IgA, hemoglobin, von Willebrand factor, albumin, and transferrin (row labels colored red). The total protein concentration of each serum sample was also included in the cluster. in the data sets. "DNP" normalizes each array by setting values from a spiked-in standard (DNP-labeled BSA in this case) to a fixed value; "IgM-ELISA" normalizes each array by setting an internal standard (IgM in this case) to the standard's known values (from ELISA); "IgM set to 1" normalizes each array by setting an internal standard (IgM in this case) to a fixed value; "Mean centering" sets the mean of the ratios in each array to a fixed value; "Loess" uses intensity-based correction to account for biases in the data that may arise from non-linearity in the ratios at certain intensities (14) ; and "Loess/ IgM-ELISA" uses intensity-based correction followed by normalization to the known values of an internal standard (using the IgM-ELISA method in this case). Each of the methods except for the Loess methods corrects for factors that affect the arrays globally, such as labeling or scanner effects. Print tip-based methods were not tested because each antibody was printed by all the tips, and the replicate spots were averaged.
Properly normalized data should reduce variability caused by systematic noise between experiments. The effect of normalization on the reproducibility between replicate data sets was evaluated by examining both the coefficients of variation (CV) and the correlations between the replicate experiments. The CV of each antibody (S.D. divided by average) between the triplicate measurements from each serum sample was calculated for each normalization method. The average CVs for each antibody were compared between the non-normalized data and each set of normalized data using a two-tailed, paired t test (Table I ). The average CVs ranged from 0.16 
TABLE II Correlation analysis
The Pearson correlation was calculated between measurements from the replicate sets of 43 samples for each antibody and after each normalization method. A pairwise comparison among all three of the experiment sets (1 versus 2, 1 versus 3, 2 versus 3) was performed. Only the antibodies that had correlations over the 99% confidence threshold between at least two of the three data sets were used in the analysis (column 2). The correlations from the normalized data were compared to the correlations from the non-normalized data. The antibodies that had either a higher or lower correlation in comparison with the non-normalized data were counted (columns 3 and 4), and those with a correlation difference greater than 0.1 were also counted (columns 5 and 6). (Table I , column 3). Normalization by Loess/ IgM-ELISA and DNP resulted in an average CV that was significantly higher than non-normalized. We also counted the number of individual antibodies that had significantly higher or lower CVs in the normalized data compared with the nonnormalized data. A two-tailed, paired t test was used to compare the CVs between the non-normalized data and each set of normalized data for each antibody. Normalizing by mean centering or by IgM set to 1 produced an abundance of antibodies with a lower CV than in the non-normalized data (Table I , column 4). IgM-ELISA and Loess normalizing had similar numbers of antibodies with higher and lower CVs relative to the non-normalized data. Normalizing by DNP or by Loess/IgM-ELISA yielded a high number of antibodies with a higher CV and a low number with a lower CV than the non-normalized data. A complementary approach for evaluating reproducibility is to calculate a correlation between duplicate experiment sets. Pearson correlations were calculated between the replicate sets of 43 arrays after normalization by each method for each antibody. The correlations from each of the normalized data sets were compared with the correlations from the non-normalized data (Table II) . In the comparison of experiment set 1 with set 2, normalization by DNP, IgM-ELISA, and IgM set to 1 produced many antibodies (19, 14 , and 18, respectively) that had higher inter-set correlations and few antibodies (1, 3, and 3, respectively) that had lower correlations than the nonnormalized data. Many of the antibodies (11, 7, and 11, respectively) had correlation coefficients that increased by 0.1 or more over the non-normalized data. In contrast, normalization by Loess or Loess/IgM-ELISA resulted in only a few antibodies with higher correlations and many with lower correlations than the non-normalized data. Normalization by mean centering did not seem to significantly increase the antibody correlations in comparison with the non-normalized correlations. The pairwise comparisons between all three of the experiment sets (1 versus 2, 1 versus 3, 2 versus 3) produced similar results. Taking the two analyses together, the reproducibility of the replicate data seems slightly improved compared with the non-normalized data after normalization by mean centering, IgM set to 1, or IgM-ELISA.
To evaluate the effects of normalization on measurement accuracy, ELISA measurements for seven of the proteins were used as a standard against which the microarray measurements were compared. The correlations between the microarray measurements (averaged over the three replicate sets) and the ELISA measurements over the 43 samples were calculated with each normalization method. The agreement between the microarray and ELISA data for all seven of the normalization methods is depicted in a bar graph (Fig. 2) . Normalization by five of the seven methods produced statistically similar correlations, generally between 0.75 and 0.9.
FIG. 3. Cluster comparisons between four different normalization methods.
The microarray data were normalized using the indicated method, averaged over the three replicate experiments, and clustered. A, non-normalized data; B, IgM-ELISA-normalized data; C, DNPnormalized data; D, mean centered normalized data. Only the antibodies that produced reproducible measurements (defined as having correlations over the 99% confidence threshold between at least two of the three data sets) were averaged over the three replicate sets. The column labels are colored according to the descriptions in Fig. 1 .
Antibody Array Normalization
Normalization based on fixing the IgM values to a constant produced consistently lower correlations with the ELISA values for five of the six comparisons. Microarray data adjusted by Loess/IgM-ELISA normalization had a statistically significant reduction in correlation with ELISA values for four of the six antibodies in comparison with the non-normalized data. Based on these comparisons with ELISA measurements, normalization by fixing an internal standard to a constant seems to negatively affect measurement accuracy, and measurement accuracy may be lowered after normalization by Loess.
Finally, we examined the effect of normalization on trends in the data sets to determine whether certain normalization methods altered overall trends more than others. These effects were evaluated by comparing clusters and comparing the proteins that distinguished the sample groups after normalization by each method. Clusters of the averaged data (over the three replicates) from four of the normalization methods (the methods with the best reproducibility and accuracy, as determined in the previous analyses) are shown in Fig. 3 , and the other three are available in the supplemental data. The clusters may be inspected to identify the effects of normalization on overall trends in the data sets. In all four clusters, the control samples (green labels) cluster together, and the other two classes are intermixed. In all four, the ELISA values (row labels highlighted red) also generally cluster adjacent to their respective microarray values. Trends that define the patient groups are fairly consistent between the non-normalized, the IgM-ELISA normalized, and the DNP-normalized data (Fig. 3, A-C, respectively) , although ordered differently. The non-control samples seem to divide into two or three groups in Fig. 3 , A-C; one group has high levels of most of the proteins (e.g. samples 351, 88, and 93), another group is low in most of the proteins (e.g. samples 84, 76, and 77), and another is low in some proteins and high in C-reactive protein, von Willebrand factor, and ␣1-antichymotrypsin (e.g. samples 86, 91, and 82). The above patterns are somewhat altered in the mean centered data because the groups of patients that are high in most proteins or low in most proteins are not seen as they are in the other clusters.
Because a major use for antibody microarray experiments is to identify differences between sample classes, we examined the effect of normalization on the statistical differences between the sample classes. The antibody measurements that distinguished between the sample classes (p Ͻ 0.05, using data averaged between the three replicate sets) were identified by a two-tailed t test, and the number of antibodies that were found in common between any two methods was tabulated (Table III) . Using the non-normalized data, 17 antibody measurements differentiated the serum samples from patients with pancreatic cancer and the samples from healthy control subjects. Of those 17 antibodies, 16 were common to the analysis from DNP-normalized data and 15 were common from IgM-ELISA-normalized data. The other four normalization methods had between 3 and 12 common discriminators with the non-normalized data. Therefore, the trends observed after normalization by DNP and IgM-ELISA are similar to each other and similar to the non-normalized data, but normalization by the other methods resulted in a divergent set of antibodies that distinguished the patient groups. Because of the high accuracy and reproducibility of normalization by IgM-ELISA and because of its minimal alteration to the trends in the data sets, this normalization method was used for the analysis below.
Evaluation of Multiparametric Classification-A major benefit of the ability to measure multiple proteins is the evaluation of using combinations of proteins for improved sample classification relative to the use of single proteins. We investigated this application of the data using the IgM-ELISA-normalized data. The data were averaged over the three replicate sets using only the antibodies that produced reproducible measurements (defined as having correlations over the 99% confidence threshold between at least two of the three data sets). Twenty-nine of the 48 antibodies passed the reproducibility threshold. Sixteen antibodies produced measurements with statistically different means (p Ͻ 0.05) between the samples from patients with pancreatic cancer and those from healthy control subjects. The distributions of the measurements from each of these antibodies in the cancer and control samples are shown in Fig. 4 . Three antibodies, anti-von Willebrand factor, anti-␣1-antitrypsin, and anti-C-reactive protein, showed higher binding in the pancreatic cancer samples, and the rest showed lower binding in the pancreatic cancer samples; anti-albumin, anti-transferrin, and anti-complement C3 showed the greatest significance. Fig. 4 shows that all of the distributions overlapped significantly between the cancer and control groups.
The potential benefit from using combined antibodies to classify the samples was examined using a generic version of the Real Boosting algorithm (23, 24) . Boosting is an appealing
TABLE III Common discriminators between normalization methods
A two-tailed t test was used to identify antibodies with statistically different (p Ͻ 0.05) measurements between the pancreatic cancer and healthy sample sets. The column and row labels indicate the type of normalization method used: 1) non-normalized, 2) DNP, 3) IgM-ELISA, 4) Loess, 5) Loess/IgM-ELISA, 6) mean centered, 7) IgM set-to-1. The values within the table indicate the number of antibodies that were significantly different among the patient classes and that were common among the normalization methods intersecting in the rows and columns.
method for combining "weak" individual classifiers into a "powerful" combined (or summary) classifier, and it was shown empirically to be resistant to overfitting (23), a problem often encountered by other widely used classification algorithms. A 10-fold cross-validation determined the optimal number of antibodies in a final combined classifier. 90% of the samples were used as a training set to define a model for classification, whereas 10% of the samples were reserved as a testing set to determine the error rate of the model. This process was repeated 10 times, each time using a different group of 90% for classification. The classifier was considered final when further addition of an antibody into the model increased the cross-validation error. The cross-validation process simulates the uncertainty in classification of future samples and estimates the prediction error of the selected combined classifier from the current data set. This validation gives extra protection against the chance of overfitting.
Real boosting was used to classify each of the cancer and control samples as belonging to one of the two classes. The antibodies used in the multiparametric classification and the performance of the classifier is presented in Table IV . The errors, sensitivities, and specificities (columns 2-4) were averaged over the 10 cross-validation iterations. Each row gives the cumulative result after using the antibodies at and above that row. When using all seven antibody measurements (one antibody was used twice), the cumulative results are 0.00 error, 1.00 sensitivity, and 1.00 specificity, or perfect classification, which was not possible using any single antibody.
DISCUSSION
The major goal of this work was to determine the optimal normalization procedure for antibody microarray data. This work was necessary because no systematic evaluation of normalization methods for antibody microarray experiments had yet been performed. Our thorough analysis revealed some differences between the normalization methods in the resulting data quality, and a comparison of the methods provided valuable information about which normalization method is optimal. Our study also was valuable to develop an objective approach for assessing and comparing normalization methods.
Some of the normalization methods performed well in one category but not very well in another, showing the value of using multiple criteria for the evaluation. For example, normal- izing by IgM set to 1 yielded more reproducible data than the non-normalized data. However, the accuracy of the measurements was greatly compromised as determined by comparison with the ELISA values. Because IgM concentrations vary from sample to sample, setting this value to a constant is not valid and reduces the accuracy of the measurements. It will probably be impossible to find a "housekeeping" protein in the serum that could be used as a constant reference because it seems that all serum proteins are subject to significant change between individuals as supported by our current analyses. Normalizing by IgM set to 1 also greatly altered the trends in the data sets in comparison with the other normalization methods (Supplemental Fig. 1) .
Other methods performed well in some categories but not in others. Loess normalization produced reasonably accurate data, but the reproducibility was lower than the non-normalized data as assessed by the correlation analysis. Applying IgM-ELISA normalization to the Loess-adjusted data did not improve reproducibility. The list of proteins that discriminated cancer from healthy and the general structure of the cluster (Supplemental Fig. 2 ) also was altered after Loess normalization. The Loess method was developed for DNA microarray data and relies on having a large number of data points to produce an accurate picture of intensity-based biases in the ratios. With fewer data points, as with our data, such adjustments may be erroneous and may actually add noise to the data. Other normalization methods that use regression calculations of trends in data therefore also may not perform well on smaller, more selected arrays. Likewise, scaling methods, which adjust the variances (the spread) in groups of ratios, also might not perform well on these arrays because the variances in small numbers of proteins could legitimately change.
Both DNP and IgM-ELISA normalization had good accuracy, and neither altered the trends in the data sets relative to the non-normalized data, but the reproducibility after IgM-ELISA normalization was slightly higher. Normalization by mean centering also performed well in reproducibility and accuracy, although the normalization seemed to alter trends in the data more than normalization by DNP or IgM-ELISA. Normalization by mean centering is accurate if the average concentration of the measured proteins is constant between samples. Because the average concentration may change, especially if measuring a small number of proteins, normalization by mean centering may occasionally produce results that inaccurately reflect the trends in the data sets.
Therefore, taking all of the information together, the IgM-ELISA normalization method, of the methods evaluated, seems to have performed the best. Normalizing by the known values of an internal standard such as IgM is attractive because these values are inherent to the sample. A spiked-in standard like DNP-labeled BSA is not inherent to the sample, so the standard would not correct for sources of bias that occurred before the standard was introduced. The accuracy of a known standard is independent of the size or selection of the rest of the array, and it makes no assumptions about the behaviors of particular housekeeping proteins. Drawbacks of normalization by an internal standard are that highly accurate ELISA values for that protein must be obtained for every sample and that one relies on the quality of the microarray measurements for that protein.
Further improvements in the normalization method are still possible and necessary for antibody microarrays. The high reproducibility of the mean centered data showed that normalizing by many proteins may be valuable. We are currently investigating variants on the mean centering method. In addition, different spike-in proteins, such as plant or peanut proteins that have no homology to human proteins, may perform better than DNP-labeled BSA. A panel of three or four highly specific spike-in proteins may produce less variable results than the use of a single protein. Other antibody or protein array techniques may have other optimal normalization methods; the methods presented here provide a strategy for determining which is optimal. In addition, other sample types, such as those from tissue or cell culture sources, may behave differently than serum, and the normalization would need to be independently optimized.
In addition to being useful for evaluating normalization methods, these data served the additional purpose of exploring the value of combined measurements for sample classification. Multiple markers may be grouped together to improve diagnostic performance if the markers contribute complementary, non-overlapping discriminatory information. The improvement of the sample classification when using the multiparametric method, compared with the use of single proteins, showed the potential value of antibody microarray data for more accurate diagnostics. This particular classifier is not likely to be specific for pancreatic cancer because most of the proteins used in the classifier had similar distributions between the cancer and other gastrointestinal disease sam-TABLE IV Sample classification using multiple proteins A Јreal boostingЈ algorithm was used to identify a linear combination of protein classifiers that could distinguish pancreatic cancer from control samples using the IgM-ELISA-normalized data averaged over the three replicates. The error rate, sensitivity (the percentage of true positives over all positives), and specificity (the percentage of true negatives over all negatives) were calculated from cross-validation analysis as described in the text. Antibodies with measurements that were higher in pancreatic cancer relative to control samples are indicated by bold type.
Antibody
Error Sensitivity Specificity ples. The development of a specific classifier for pancreatic cancer will require measurements from additional proteins that are more specifically associated with pancreatic cancer. A more sensitive detection method, such as the two-color rolling circle amplification method demonstrated previously (22) , would allow the measurement of lower abundance proteins that may contribute to a specific signature for pancreatic cancer. Studies using that approach are ongoing.
No firm conclusions on the nature of specific serum protein alterations in pancreatic cancer can be made from these data because of the small sample size and potential bias between the case and control samples, but the observed differences between the cancer and control samples were consistent with the high levels of inflammation usually associated with pancreatic cancer. The higher levels of C-reactive protein and von Willebrand factor in the disease samples probably reflect a positive acute phase response (25, 26) , and a reduction in the levels of albumin and transferrin as observed here is also commonly observed in an acute phase response (27) . Decreased levels of serum IgG and IgM have been observed in cancer (28, 29) , and higher ␣1-antitrypsin has also been associated with pancreatic cancer (30) .
In summary, this work established reliable methods for normalizing antibody microarray data and established objective criteria for assessing normalization methods. Furthermore, we showed that many different proteins in serum samples can be reliably measured using antibody microarrays and that this capability is useful for multiparametric sample classification. These developments lay the foundation for largerscale studies that could lead to improved diagnostics for pancreatic cancer and other cancers.
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